With reference to the questionnaire adopted within the Italian project "Ulisse" to assess health condition of elderly people, we investigate two important issues: discriminant power and actual number of dimensions measured by the items composing the questionnaire. The adopted statistical approach is based on the joint use of the latent class model and a multidimensional item response theory model based on the 2PL parametrization. The latter allows us to account for the different discriminant power of these items. The analysis is based on the data collected on a sample of 1699 elderly people hosted in 37 nursing homes in Italy. This analysis shows that the selected items indeed measure a different number of dimensions of the health status and that they considerably differ in terms of discriminant power (effectiveness in measuring the actual health status). Implications for the assessment of the performance of nursing homes from a policy-maker prospective are discussed.
Introduction
The progressive ageing of the contemporary society, due to the increasing life expectation, has raised the demand for health assistance, stimulating the debate on the quality of the care provided by nursing homes. According to the OECD, the percentage of elderly people in the population of the industrialized countries will increase from 13% of 2000 to 25% of 2040. As a consequence, the cost of health care, especially for long term care assistance, will rapidly increase. Anderson and Hussey (2000) , considering the eight most industrialized OECD countries, found that the cost for care assistance of elderly people increased from 3% to 5% of the GDP between 1993 and 1999 and the cost for long term health assistance increased from 0.9% and 1.6% in the same period. In Italy, public spending for long term assistance in 2002 was, in terms of GDP, about 0.7%, which is expected to strongly increase in the next decade.
A direct consequence of the increasing cost for health assistance is that the Governments of industrialized countries have begun to consider the problem of the rationalization of public interventions, in terms of public spending, regulation, and policies. Public intervention is also crucial to guarantee the accessibility to care facilities of elderly people with low income, without affecting the economic status of their families. Since the access to long term care assistance is conditioned on the possibility to pay for the services provided by nursing homes, there could be an artificial low level of demand for long term care assistance; see Alecxih and Kennell (1994) .
The above arguments imply that methodological tools to analyze the performance of facilities for care assistance of elderly people are of central interest for policy-makers. The aim is twofold: (i) to promote the rise of the quality of existing institutions (especially nursing homes) that have to satisfy standard criteria for care assistance and (ii) to implement a strategy to reform the role of pub-lic institutions in this context. At this regard, a great debate arises about the construction of indicators able to measure nursing home performance and then to effectively rank the facilities in a certain geographical region; see Phillips et al. (2007) and Harrington et al. (2003) . In the United States, one of the most important projects of nursing home facility ranking is "Medicare", which is supported by the Department of Health and Human Services. This project has developed an evaluation system which is based on indicators that are generally linked to the psycho-physics condition of elderly people which are related, in particular, to mobility diseases, behavioral disorders, and memory problems. Data are collected by public institutions through questionnaires administered at regularly repeated occasions.
One of the main ideas behind the facility ranking is that unidimensional criteria to classify the health conditions of elderly people are available; see Phillips et al. (2007) and Mor et al. (2003) . This assumption implies that the difference between two subjects in responding to a set of items on the health condition only depends on a single latent trait summarizing this condition. This may obviously be a restrictive assumption. For instance, this does not allow us to classify subjects who show a degenerative health status in relation to a specific pathology, but apparently have an overall good health status. Violations of this assumption may lead to misleading conclusions reached on the basis of a unidimensional ranking which relies on a single score assigned to each facility.
On the other hand, Kane (1998) identified at list five different groups of residents of nursing homes. These groups include subjects recovering from an acute episode and are likely to return home, residents who are cognitive impaired, residents who are cognitively intact but suffer from physical challenges, residents who are in vegetative state, and residents that are terminally ill. These subjects have different needs and different levels of the quality of life; see Kane (1981) . Con-sequently, the actions of the nursing homes could be more forceful in relation to specific areas of intervention, so that some facilities can be specialized in improving the state of health in relation to some pathologies. Along these lines, dimensionality of health condition becomes a central issue for obtaining a consistent and generalizable ranking index for the performance of the nursing homes.
In the present paper, we simultaneously address the issue of item selection and of dimensionality on the basis of a formal statistical procedure (Bartolucci, 2007) , which exploits the latent class (LC) model and a class of item response theory (IRT) models; see Lazarsfeld and Henry (1968) , Goodman (1974 ), and Hambleton (1996 . Through these methodologies, we study the above issues on the basis of a dataset coming from the database "Ulisse", which is collected within a survey carried out in Italy on the basis of the RAI-MDS questionnaire (Morris, 1997) . The questionnaire covers several aspects of the health status of elderly people hosted in nursing homes. In particular, we consider 89 among the around 300 available items. These items characterize: (i) cognitive conditions, (ii) auditory and view fields, (iii) humor and behavioral disorders, (iv) activities of daily living, (v) incontinence, (vi) nutritional field, (vii) dental disorders, and (viii) skin conditions. By using a so large number of items we can fully characterize the health status of elderly people hosted in the nursing homes, without imposing any a-priori restriction on the relevance of its different components. From the original set of 89 items we then extract a subset of 35 items on the basis of their discriminant power, that is the effectiveness in measuring these conditions. The adopted methodology is based on the joint use of LC and IRT models and represents a useful tool to reduce the size of the present and similar questionnaires, with the obvious consequence of reducing the survey costs.
On the basis of the applied methodology we show that the 35 selected items indeed measure five different dimensions which may be referred to as: (i) cognitive conditions, (ii) auditory and view fields, (iii) activities of daily living and incontinence, (iv) humor and behavioral disorders and skin conditions, and (v) nutritional field and dental disorders. These dimensions have a clear interpretation; this seems to confirm the robustness of the proposed analysis.
The reminder of the paper is organized as follows. In Section 2 we describe the dataset on health conditions of elderly people hosted in certain of nursing homes across the Italian regions. In Section 3 we briefly review the statistical methodology based on LC and IRT models. In Section 4 we describe in detail the empirical analysis and in Section 5 we report the main conclusions of the study.
The Ulisse database
We consider a dataset collected within the "Ulisse" project, which is carried out by the Italian Ministry of Health jointly with the Italian Society of Gerontology and Geriatrics. The project is based on a longitudinal survey, covering 17 Italian regions, about the assistance level provided to patients hosted in 37 randomly chosen nursing homes. This survey is carried out since 2004 through the repeated administration of a questionnaire (every 6 months) which is filled up by the nursing assistant of each patient and concerns several aspects of the everyday life. For our analysis we consider only the first interview, which covers 1699 patients. Table 1 reports the geographical distribution, on the Italian territory, of the elderly people and the nursing homes included in the study. We observe that most of the sample is in the north regions: the percentage of patients in these regions is about 85%. In particular, 40% of the full sample is located in Lombardia (17%), Veneto (11%), and Emilia Romagna (12%). In Table 2 we report some descriptive statistics on gender and age of patients of the nursing homes.
We observe that most of the sample is composed by women (71%), with only 29% of men. Moreover, the age distribution differs in relation to gender, with a higher proportion of females with age 85 and over and a relative younger male population. The presence of a so high percentage of old women can obviously condition the analysis about the care facility performance.
From the original questionnaire we single out 89 among the items concerning:
(i) cognitive conditions, (ii) auditory and view fields, (iii) humor and behavioral disorders, (iv) activities of daily living, (v) incontinence, (vi) nutritional field, (vii) dental disorders, and (viii) skin conditions. The complete list of items is reported in Appendix 1.
The statistical methodology
In the following, we briefly review the LC model (Goodman, 1974 ) and the IRT model proposed by Bartolucci (2007) for the study of multidimensionality. The aim of the methodology based on these models is: (i) to include in the analysis only the items necessary to identify the number of latent traits; (ii) to identify the latent structure representing the health status of elderly people; (iii) to investigate the different discriminant power of the items. This methodology allows us to choose a convenient partition of the selected items according to the dimension they measure and to analyze its correspondence in terms of facility care.
The latent class model
The LC model (Lazarsfeld and Henry, 1968; Goodman, 1974 Goodman, , 1978 assumes that the observed sample is drawn from a population which is partitioned into k latent classes, with π c being the prior probability (or weight) of class c (c = 1, . . . , k).
For each subject i (i = 1, . . . , n), we observe a vector y i = (y i1 , ...., y iJ ) of binary response variables corresponding to J items. Given that the subject is in class c and with reference to item j, the conditional probability of success is denoted by
Under the assumption of local independence, the probability of the response
The log-likelihood function of the LC model, which is used for parameter estima-tion, is then
where θ is a short-hand notation for all model parameters. This function is maximized by the EM algorithm (Dempster et al., 1977; Goodman, 1978) . This is an iterative algorithm which is based on two steps to be repeated until convergence:
• E-step: compute the conditional expected value of the log-likelihood given the observed data and the current value of the parameters;
• M-step: update the model parameters by maximizing the expected loglikelihood obtained at the E-step.
We initialize the algorithm by both deterministic and random starting values in order to prevent the problem of multimodality of the likelihood. This is a typical problem of latent variable models.
Obviously, when the LC model is applied to analyze a dataset, choosing the number of latent classes is necessary. At this aim, we rely on the Bayesian Information Criterion (BIC) of Schwarz (1978) , which is based on the index:
where, for a given number of classes k,ˆ k is the maximum of the log-likelihood given in (1) and m k is the corresponding number of parameters. The latter is taken as a measure of complexity of the model on which the above penalization term is based. According to this criterion, the number of classes corresponding to the minimum of BIC k has to be selected. This number is indicated byk.
Through the EM algorithm we obtain, for each latent class c, the maximum likelihood estimate of the weight, denoted byπ c , and of the conditional probabilities of success, denoted byλ j|c , j = 1, . . . , J. On the basis of the latter ones we can obtain a measure of the discriminant power of the items measuring each dimension. In our study, each dimension corresponds to a group of items measuring a different aspect of the health status of elderly people. In particular, we measure the discriminant power of item j by the following ratio:
where max c (λ j|c ) is the maximum value (across the latent classes) of the probability of success for item j and min c (λ j|c ) is the minimum. Moreover, max h(j) at the denominator of (2) stands for the maximum of the difference at the numerator with respect to all the items measuring the same dimension of item j. In this way, the above index is always between 0 and 1 and we exclude from the analysis those items which have an index value lower than a given threshold because they show a reduced discriminant power. This approach for reducing the number of items is compared with the one based on the IRT model that we present in the following section.
The multidimensional two-parameter logistic model
This model is a constrained version of the LC model which directly includes, for each item, a parameter measuring its discriminant power. The model is based on the following multidimensional two-parameter logistic (2PL) parametrization of the conditional probabilities of success:
In the above expression, δ jd is a dummy variable equal to 1 if item j measures dimension d (d = 1, . . . , s) and to 0 otherwise. Moreover, θ cd is a measure of the latent trait (dimension d) for the subjects in latent class c (typically referred to as ability), β j is a measure of the overall tendency to respond 0 to item j (typically referred to as difficulty), and γ j measures the discriminant power of this item (typically referred to as discriminant index).
The log-likelihood function of the model may again be expressed as:
maximization of (θ) is again performed by the EM algorithm of Dempster et al. (1977) , which has a the same structure outlined in the previous section.
From the EM algorithm we also obtain, for each item j, the estimateγ j of the discriminant index. In order to select a suitable set of items on the basis of these estimates, we rely on the ratio
This index has a structure similar to that in (2), with the difference M j between the maximum and the minimum of the estimated response probabilities substituted by the estimated discriminant index. Then, items with a value of D * j lower than a certain threshold are dropped.
Another analysis that is allowed by the 2PL model presented above is that of dimensionality. In particular, through this model we can test the hypothesis, indicated in the following by H 0 , that the items actually measure a reduced number of dimensions. For instance, we can test the hypothesis that the items measure s − 1 instead of s dimensions. The s − 1 dimensions are specified by collapsing two dimensions into one and then grouping the corresponding items.
In order to test H 0 , we use the likelihood ratio statistic
where the sum is extended to all the possible response configurations y, n(y) stands for the observed frequency of configuration y,p(y) is estimated probability of this configuration under the model with s dimensions, andp 0 (y) is the corresponding estimate under the reduced model with s − 1 dimensions. Under H 0 , this statistic has a χ 2 asymptotic distribution with a number of degrees of freedom equal to thek − 2, wherek is the adopted number of latent classes. Then, the hypothesis is rejected if the observed value of LR is larger than a suitable percentile of this distribution.
On the basis of the above testing procedure, we can implement a hierarchical algorithm for clustering items into a reduced number of groups. Items in the same group are supposed to measure the same dimension and then each group corresponds to a different dimension. In particular, the clustering algorithm begins by fitting the model in which items are grouped according the structure of the questionnaire. Then, all the possible ways to collapse two groups are considered and the one giving the smallest value of LR with respect to the previous step is selected. This procedure is repeated until the unidimensional IRT model (in which all items are included in the same group) is fitted. Finally, the selected number of groups (and then of dimensions) is the smallest number for which the value of LR, computed with respect to the previous classification, is smaller than a suitable percentile of the asymptotic distribution. For a detailed illustration of the algorithm see Bartolucci (2007) . We perform this classification once the items with a reduced discriminating power are eliminated as indicated above.
Application to the Ulisse dataset
Following the empirical strategy outlined in the previous section, we analyze the Ulisse dataset described in Section 2. We first present the results from the LC model and then those from the IRT model.
Latent class analysis
As starting point we choose the number of latent classes for the LC model applied to the 89 selected items. At this aim, Table 3 reports the maximum log-likelihood and the corresponding value of the BIC index for a number of latent classes from 1 to 7. On the basis of these results we selectk = 6 latent classes. These classes correspond to different degrees of impairment of the elderly people health status.
In order to interpret these classes, Figure 1 reports the graph of the conditional probabilities of success estimated under the selected LC model for each class. To have a clearer interpretation of these results, we order the six classes according to the probability of success for the first item. The estimated conditional probabilities obtained from the LC model are then used to assess the discriminant power of the 89 selected items. At this aim, in Table 4 we report for each item j the value of the index D j , computed according to (2), together with the weighted mean and standard deviation of the estimated success probabilities, computed with weights corresponding to the estimated class probabilities. Table 4 : Weighted mean and standard deviation of the estimated success probabilitiesλ j|c for each item j, together with the indices M j and D j used to measure the discriminant power. In boldface are the quantities referred to the item that for each dimension d has the highest discriminant power. As described in Section 3.1, the index D j may be used to select a subset of items which provide a similar amount of information than the full set of items. This is obtained by comparing the values of this index with a suitable threshold between 0 and 1. In particular, for different threshold levels we report in Table 5 the number of selected items for each dimension. For instance, with a threshold of 0.5 we retain in the analysis 63 items. 
Item response theory analysis
To complete the item selection analysis we exploit the alternative approach based on the 2PL model illustrated in Section 3. On the basis of the same number of classes selected above,k = 6, we obtain the estimates of the parameters in (3). In particular, for each item j we report in Table 6 the estimated difficulty levelβ j and discriminant indexγ j , together with the index D * j defined in (4). On the basis of the values of this index, we can select a suitable number of items. The results of this selection process are reported in Table 7 for different threshold levels between 0 to 1. Compared to the LC model (see Table 5 ), the IRT model chooses a reduced number of items to keep into the analysis, appearing less conservative in terms of the item selection process. In fact, by using a critical value of 0.5 we select 35 items, instead of 63 chosen by the LC based procedure. The choice of that critical value has been addressed to keep in the analysis a relevant number of items, without loosing too much information in relation to the analyzed phenomenon. 
Once we have selected the number of items, we perform the hierarchical cluster analysis on the dimensionality, starting from the eight dimensions defined by the structure of the questionnaire. The approach that we use at this aim is described at the end of Section 3.2 and the results obtained from its application are reported in Table 8 and represented by the dendrogram in Figure 2 . In particular, the table shows the list of the dimensions formed by the collection of the items corresponding to the eight initial dimensions, together with the statistic LR computed with respect to the model chosen at the previous step and the corresponding p-value. Finally, in Table 9 we report the estimated abilitiesθ cd for each latent class, together with estimated class weightsπ c . With reference to every dimension d, each parameter θ cd corresponds to the latent trait level for the subjects in class c.
In the present study, high values of the parameter correspond to high probability to suffer from a certain pathology. 
, whereθ d = cθcdπc is the average ability level for dimension d. The results are reported in Table 10 . Note that, apart from three pairs of dimensions for which these correlations are particularly high (1st and 2nd, 1st and 4th, and 3rd and 5th), the other correlations are smaller than 0.9. In particular, the correlation between the 2nd and the 5th dimensions is smaller than 0.3; moreover, the correlation is smaller than 0.7 for three other pairs of dimensions (1st and 5th, 2nd and 3rd, and 4th and 5th). This confirms that the dimensions found by the clustering algorithm are actually distinct and then measuring the health condition of elderly people necessarily requires a multidimensional scale.
Conclusions
In the present paper we simultaneously study the issue of item selection and of dimensionality of health status of elderly people hosted in nursing homes. Our statistical approach is based on the joint use of latent class (LC) and item response theory (IRT) models.
The study is based on a dataset collected in Italy within the "Ulisse" project, which relies on a sample of 1699 elderly people hosted in 37 nursing homes. The health status of these patients is assessed by a set of items which are administered at repeated occasions. From the original dataset, we extract 89 items, which characterize different areas of the health status at the first visit. In particular, we consider eight groups of items (each corresponding to a different dimension), which measure: (i) cognitive conditions, (ii) auditory and view fields, (iii) humor and behavioral disorders, (iv) activities of daily living, (v) incontinence, (vi) nutritional field, (vii) dental disorders, and (viii) skin conditions.
The analysis initially exploits the LC model for selecting a subset of items which provides an amount of information close to that of the full set of items.
In particular, through the Bayesian Information Criterion we find evidence of the presence of six latent classes. Then, through the estimated conditional probabilities of the LC model we start ranking the items according to their discriminant power. This is measured by the standardized difference between the estimated conditional probabilities across latent classes. However, this selection process appears too conservative.
The items selection analysis is then completed by using an IRT model based on a multidimensional 2PL parametrization. In particular, the applied strategy first selects a benchmark model which has a number of dimensions equal to the eight initial dimensions defined by the questionnaire and then, by applying the 2PL model, selects the items depending on their discriminatory power in measuring the latent trait. The subset of selected items is then used to study the dimensionality of the health condition of elderly people. A this aim, we apply a hierarchical clustering algorithm which, starting from the multidimensional model with eight dimensions, ends with the unidimensional model. Within these two extremes we find all the possible numbers of dimensions of the analyzed phenomenon and select the most suitable by a series of likelihood ratio tests. On the basis of this procedure we find evidence of five dimensions obtained by collapsing the initial eight dimensions. These groups have the following structure: {1}, {2}, {4, 5}, {3, 8}, {6, 7}.
These five dimensions may be referred to as: (i) cognitive conditions, (ii) auditory and view fields, (iii) activities of daily living and incontinence, (iv) humor and behavioral disorders and skin conditions, and (v) nutritional field and dental disorders.
Finally, the applied methodology suggests that the dimensionality of health status of elderly people is a relevant aspect to be considered in order to obtain a clear classification of the nursing home facilities in the Italian context. Moreover, the IRT analysis shows that the identified dimensions have not the same discriminating power in determining the health status. 
